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Abstract

Magnetic resonance imaging (MRI) examinations provide high-resolution information about the
anatomic structure of the kidneys and are used to measure total kidney volume (TKV) in patients
with Autosomal Dominant Polycystic Kidney Disease (ADPKD). Height adjusted TKV (HtTKV)
has become the gold-standard imaging biomarker for ADPKD progression at early stages of the
disease when estimated glomerular filtration rate (eGFR) is still normal. However, HtTKV does
not take advantage of the wealth of information provided by MRI. Here we tested whether image
texture features provide additional insights into the ADPKD kidney that may be used as
complementary information to existing biomarkers. A retrospective cohort of 122 patients from
The Consortium for Radiologic Imaging Studies of Polycystic Kidney Disease (CRISP study) was
identified who had T2-weighted MRIs, and eGFR values over 70 mL/min/1.73m? at the time of
their baseline scan. We computed nine distinct image texture features for each patient. The ability
of each feature to predict subsequent progression to CKD stage 3A, 3B, and 30% reduction in
eGFR at eight-year follow up was assessed. A multiple linear regression model was developed
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incorporating age, baseline eGFR, HtTKYV, and three image texture features identified by stability
feature selection (Entropy, Correlation, and Energy). Including texture in a multiple linear
regression model (predicting percent change in eGFR) improved Pearson correlation coefficient
from -0.51 (using age, eGFR, and HtTKV) to -0.70 (adding texture). Thus, texture analysis offers
an approach to refine ADPKD prognosis and should be further explored for its utility in
individualized clinical decision making and outcome prediction.
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Introduction

Radiological imaging plays an important role in diagnosis and management of patients with
autosomal dominant polycystic kidney disease (ADPKD) 1. Total kidney volume (TKV),
measured by magnetic resonance imaging (MRI), computed tomography (CT), or ultrasound
(US), predicts the decline of renal function 24 and is used to ascertain the effectiveness of
treatment interventions 5-7. Recently, the U.S. Food and Drug Administration and the
European Medicines Agency qualified TKV, in combination with patient age and estimated
glomerular filtration rate (eGFR), as a prognostic imaging biomarker for ADPKD research
and clinical trials. Particularly, height adjusted TKV (HtTKYV) is the strongest prognostic
biomarker of renal function worsening and progression to end-stage renal disease (ESRD) in
patients at an early stage of ADPKD when eGFR is within the normal range. This has led to
the development of a number of automated approaches to accurately and reproducibly
measure HtTKV 8-11 Although HtTKV provides important information regarding kidney
size, which is linked to overall disease progression, it does not take advantage of the wealth
of information available within an MRI or CT image related to renal tissue structure.

There are a number of possible imaging biomarkers beyond HtTKV. One would be to
measure the cystic load, including quantification of the number, size, and composition of
renal cysts. This could lead to a deeper understanding of a patient's particular phenotype in
terms of whether, for example, their kidneys are composed of a few large simple exophitic
cysts, or whether they have numerous complex (e.g., proteinaceous) cysts. However,
performing segmentation of renal cysts from radiological scans of ADPKD patients is
extremely time consuming and challenging, particularly in patients with a moderate to
severe cyst burden 12, Therefore, automated approaches are being actively pursued. A
number of studies have published cyst segmentation techniques. These techniques have
included threshold-based approaches 13- 14, as well as more advanced, semi-automated
techniques including shape- or boundary-detection 1°. In a majority of these studies, T2-
weighted MRI scans are used due to the difference in signal intensity of fluid-filled cysts
(high signal intensity) compared to renal parenchyma (low signal intensity) 16. However,
these techniques typically rely on the assumption that all cysts have similar signal
intensities. However, complex cysts often are darker, and therefore, most often only simple
fluid-filled cysts are delineated. Techniques that can differentiate not only cysts from
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parenchyma, but also classify different types of cysts (simple, proteinaceous, infected) will
be necessary to accurately characterize renal cystic burden in more detail.

Another opportunity is through the use of quantitative MRI techniques 7. These techniques
could provide a deeper understanding of the composition of an ADPKD patient's renal
tissue. For example, magnetization transfer imaging (MTI) has been shown to identify
fibrotic tissue within kidneys 1820, perfusion imaging (e.g., arterial spin labeling) can
identify reduced perfusion territories 21, and blood oxygen level dependent (BOLD) imaging
reflects regional renal oxygenation status 22-24, Other techniques such as measurement of
renal blood flow 2527 magnetic resonance elastography (to measure tissue stiffness) 28,
sodium imaging 29, diffusion weighted imaging (DWI) 30 with intra-voxel incoherent motion
(IVIM) processing 31, and chemical exchange saturation transfer imaging 32 are additional
imaging techniques currently being explored which could show utility in ADPKD
management. However, the information regarding how these imaging findings relate to
progression of the disease in humans may not be available for quite some time.

Advanced image processing techniques offer a unique opportunity to retrospectively explore
the large number of imaging examinations available and correlate this information with
known progression of the disease. Texture analysis is one technique which performs an
ensemble of mathematical computations to greatly increase the information provided by
conventional radiological images 33. Image texture refers to the appearance, structure, and
arrangement of different intensity levels within an image and has been used in organ
segmentation tasks (e.g., segmentation of kidneys in US images 34, and CT images 3°), as
well as clinical decision making (e.g., classifying breast tumors 38, early diagnosis of
multiple sclerosis 37, and differentiating liver lesions 38).

In this manuscript, we examined whether image textures can serve as imaging biomarkers in
ADPKD. We hypothesize that texture based imaging biomarkers provide quantifiable
parameters of renal tissue structure that will better classify patients and improve individual
prognosis compared to HtTKV.

A retrospective cohort of 122 patients from The Consortium for Radiologic Imaging Studies
of Polycystic Kidney Disease (CRISP study) was identified who had T2-weighted MRiIs,
eGFR values >70 mL/min/1.73m? at the time of their baseline scan, and typical
presentations of the disease, according to the definition provided by Irazabal et al. 39 Based
on their eGFR measurements performed 8-years later, the patients were split into two groups
according to whether they had or had not reached CKD stage 3A, or CKD stage 3B, or had a
30% reduction in eGFR (a potentially acceptable surrogate endpoint for the development of
ESRD in some circumstances). 40

Patient Cohort

In order to explore the potential of texture features as candidate imaging biomarkers, a
retrospective cohort of patients from the CRISP study was identified with T2-weighted
MRIs, eGFR values >70 mL/min/1.73m? at the time of their baseline scan, and typical
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presentations of the disease (N=122) based on the description provided by Irazabal et al. 39
Based on eGFR measurements performed 8-years later, the patients were split into two
groups according to whether they had (N=44) or had not (N=78) reached CKD stage 3A
(eGFR <60 mL/min/1.73m?), whether they had (N=22) or had not (N=100) reached CKD
stage 3B (eGFR <45 mL/min/1.73m?2), or whether a 30% decrease of eGFR had (N=47) or
had not (N=75) occurred.

A wide range of disease phenotypes were observed in this study's cohort. Shown in Figure 1
are examples of 6 patients with different renal cyst appearances along with age, sex, HITKYV,
and genetic mutation information. Although some of these differences are obvious and one
might suspect clinically that the disease severity will be different, no quantifiable parameters
(i.e. imaging biomarkers) have yet been developed to characterize these differences.

Texture Analysis

Image texture features offer a promising approach to provide additional insights into PKD
phenotypes. Figure 2 depicts how image texture features convey differences in tissue
heterogeneity. In particular, how similar signal intensity regions in the MR image have
drastically different textural depictions. Figure 3 shows the nine image texture features
calculated in this study, based on a single middle coronal slice for the same patient. Each
image texture feature calculates distinct properties, reflecting differences in kidney
phenotype.

Predictive Power of Biomarkers

At baseline, age and eGFR had relatively little predictive value of subsequent renal function
decline, whereas HtTKV had a much better predictive value as presented in Table 1 and
shown in the ROC curves of Figure 4. For the three comparisons (progression to CKD stage
3A, progression to CKD stage 3B, and 30% change in eGFR) HtTKV had strong predictive
power for progression to CKD stage 3A and 3B (A, = 0.81 and 0.84, respectively), while it
was less informative for prediction of a 30% or more change in eGFR (A,=0.73). Shown in
Figure 5 are the regression analyses results, comparing baseline age, eGFR, and HtTKV to
percent change in eGFR at 8 year follow up. Pearson's r was -0.07 (p = 0.45) for age, -0.03
(p=0.74) for baseline eGFR, and -0.48 (p < 0.01) for HtTKV. There exist a number of
patients whose prognosis was not accurately determined using these more traditional
biomarkers by themselves. A multiple linear regression model incorporating age, baseline
eGFR, and HtTKYV performed relatively well at distinguishing between the patient groupings
(Figure 4, model labelled “Traditional’), and obtained an r =-0.51 (p < 0.01), as shown in
the bottom right panel of Figure 5.

We used stability of texture features as the basis for selecting three texture metrics (median
of Entropy with window = 31, 25t percentile of Correlation with window = 7, and skewness
of Energy with window = 7). Focusing on stability rather than just the best performing for
this cohort should better generalize to other patient cohorts. The correlation between the
three traditional biomarkers (age, eGFR, and HtTKV) and the three image texture features is
shown in the bottom right panel of Figure 4. We found that these three texture features
correlated well with a 30% or more decrease in eGFR, and differentiated the patients who
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progressed to either CKD stage 3A or 3B (Table 1 and Figure 6). Entropy had the strongest
predictive power of the three, with an A, = 0.93 for progression to CKD stage 3A, an A, =
0.86 for progression to CKD stage 3B, and an A, = 0.82 for predicting a 30% or more
reduction in eGFR.

Texture biomarkers also had a strong correlation with percent change in eGFR as shown in
Figure 6. The Pearson's r for Entropy texture was -0.52 (p < 0.01), for Correlation texture
was -0.43 (p < 0.01), and for Energy texture was -0.52 (p < 0.01). The three image texture
features were included in a multiple linear regression model in order to ascertain the added
value over traditional image derived modeling (age + eGFR + HtTKV). Incorporating the
texture features improved prediction based on correlation coefficient, obtaining an r = -0.70
(p < 0.01) as shown in the bottom right panel of Figure 6. Also, summary statistics for the
two models are shown in Table 2.

Reproducibility of Texture Features

Texture derived imaging biomarkers were highly reproducible. In order to determine the
reproducibility of the image derived texture features, 30 cases were reanalyzed by a second
observer. The two major sources for variability were segmentation of the kidneys and the
measurement of CSF which is used to linearly normalize the MR scans. For the mean+std
comparison of the two segmentations: Jaccard similarity metric was 0.97+0.01, precision
was 0.98+0.01, and percent volume error was 0.95+1.14%. For measurement of CSF, the
percent difference was 3.2+5.0%. More importantly, the impact on texture measures was
small: the percent difference for Entropy was 0.10+0.23%, for Correlation was 0.91+3.2%,
and for Energy was 0.13+0.35%.

Discussion

This current study presents the first report of texture analysis for ADPKD assessment. A
cohort of patients (from the CRISP study) with normal renal function at baseline and typical
presentations of the disease was identified. We assessed the value of various biomarkers to
predict progression to CKD stage 3A and 3B 8-years from baseline, as well as percent
change in eGFR. MRIs were pre-processed, standardized, and Kidneys were segmented.
Texture features were extracted from the images and evaluated for their individual
performance of distinguishing rapid vs slow progressing groups. Lastly, a multiple linear
regression model was developed that demonstrated the added value of texture image analysis
over current models.

Individual texture features were found to predict subsequent renal function decline. These
features characterized factors such as the degree of disorder within the kidney, differences in
cyst size and number, as well as whether the kidneys were composed of many similar
appearing regions to differentiate the patients. The combination of the features identified by
stability selection utilizing the multiple linear regression model system allowed for the
greatest prediction ability for subsequent renal function decline. It is likely that the
combination of texture feature analysis with other non-image based biomarkers will improve
personalized clinical decision making of ADPKD. We believe that these texture metrics can
function as a complementary tool to existing classification methods, such as the HITKV-
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based prognostic model developed by Irazabal et al. 3% and the proPKD score developed by
Cornec-Le Gall et al 4. In particular, based on these results (Table 2), there is a 23%
narrowing of the prediction intervals when including the MR-derived texture features. As an
example, using the traditional model, a prediction of a 30% decrease in eGFR has a 95%
confidence interval with a fairly wide range (from 16.5 to 43.5%), whereas including texture
has a 95% confidence interval which is much more precise (from 26.5 to 33.5%). Thus,
incorporating image texture into current prediction models greatly improves disease
prognosis precision.

In addition, this approach of texture analysis may be preferable to other imaging methods
including new quantitative MRI techniques, as they may be more challenging to put into
practice. Texture analysis can be easily applied to routinely acquired MRI examinations.
Therefore, retrospective studies (such as the current study) can be pursued to search for new
imaging biomarkers of the disease when known disease progression data is available.
Quantitative MRI techniques are more difficult to acquire and may be harder to standardize.
So although newer imaging techniques hold a great deal of promise in terms of tissue
characterization and functional evaluation, their association with disease severity and disease
progression will take many years to assess.

The phenotypical description provided by image texture features as they relate to
characterizing the PKD kidney is important to understand in order to best apply these
techniques in future studies. Briefly, we highlight these details for the three image texture
features identified by Stability Selection and used in the regression model. Entropy -
Measures the degree of disorder within the kidney. Kidneys with seemingly random cyst
distributions will have a higher Entropy measurement. Correlation - Measures gray scale
value dependence of kidney voxels (the joint probability occurrence of specified pixel pairs).
High values mean the kidneys are composed of many similar appearing regions. Energy —
Provides the sum of squared elements in the GLCM and is a measure of tissue uniformity.
The power of texture analysis comes from the fact that we can derive a number of
measureable parameters regarding kidney structure which can be used to further refine an
individual's prognosis based on phenotype.

The approach of texture feature analysis may also be preferable to other image processing
techniques such as cyst segmentation. If cyst segmentation is performed manually,
significant time is required, making a study of even moderate size nearly impossible. In
addition, variability in the measurements will likely be fairly high as discerning what are,
and what are not cysts, as well as defining cyst edges in scans of ADPKD patients is
extremely difficult. On the other hand, if performed automatically, questions regarding the
accuracy are difficult to ascertain. Fortunately, texture feature analysis provides information
regarding cystic phenotype without requiring cysts to be individually segmented and
classified.

CKD, which is characterized by reduced renal function, is a common outcome for ADPKD
patients. However, the time course of disease progression to various stages of CKD is far
from fully understood. Therefore, the development of new tools to better characterize the
evolution of the disease is needed. We believe that the new imaging biomarkers provided by
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image texture feature analysis, along with automated TKV, will significantly improve the
assessment of patient prognosis, and will facilitate the ability to more quickly judge the
effectiveness of interventions.

There exist a large number of challenges in terms of applying texture analysis to clinical
practice as well as research studies. For example, image acquisition protocols, as well as
image quality should be kept as similar as possible since MRI shows a greater non-linear
influence on signal intensity and on quantification of heterogeneity (compared with CT).
However, non-contrast enhanced CT will not provide sufficient soft tissue contrast to make
texture analysis effective. To be most effectively utilized, standardization of the image
acquisition protocols is needed.

Future studies should be performed to evaluate texture analysis in larger and more diverse
patient populations to fully understand how these new imaging biomarkers improve our
understanding of ADPKD phenotypes for disease prognosis and clinical decision making.
Adding other clinical data in non-biased populations needs to be explored, as well as
analysis of texture feature analysis on other imaging modalities (e.g., CT) and different
sequences (e.g., T1-weighted MRI).

Approval from Mayo Clinic's Institutional Review Board was obtained for this retrospective
study.

The MRIs were coronal single shot fast spin echo (SSFSE) T2 sequences, acquired with a
GE (GE Medical Systems, Waukesha, WI) scanner, with matrix size 256x256xZ (with Z
large enough to cover the full extent of the kidneys within the imaged volume). Specifically,
Bo: 1.5T, TE: 190ms, TR: minimum, pixel size: 1.5mm, slice thickness: 3.0mm, slice
spacing: 3.0mm. Images were typically acquired over several breath holds.

Pre-Processing

T2-weighted abdominal MRIs often have signal intensity non-uniformities, including both
intra-42 and inter-slice 43 artifacts. Intra-slice intensity artifacts come from several sources
(e.g., choice of radio-frequency coil, sample geometry, etc.) which degrade image quality
and introduce low frequency intensity changes. Inter-slice intensity variations are the result
of gradient eddy currents and cross-talk between slices. These cause interleaved ‘dark’ and
‘bright” slices, which can be drastically different. To correct for these issues, we used an
approach developed in-house which sequentially corrects inter-slice intensity, and intra-slice
intensity variations 44 4°,

Finally, although texture analysis is rather robust to differences in absolute image signal
ranges, the images were normalized based on the cerebral spinal fluid (CSF) in the adjacent
spinal canal to have standardized tissue signal. Measurement of CSF intensity was
performed for each scan by drawing a region-of-interest (ROI) containing purely CSF. The
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mean value of this ROl was then normalized to have a value of 1,000 (i.e., CSF was
normalized to have the same value in each MRI scan).

Kidney Segmentation

A trained medical image analyst (M.E.E.) performed kidney segmentation semi-
automatically utilizing the MIROS software package (https://github.com/TLKline/
PyCysticlmage) 46. The software package has an interactive viewer that allows visualization
of the image data in coronal, sagittal, and axial planes. Segmentations can be overlaid and
edited with a range of interactive tools. The MIROS algorithm was implemented in the
Python programming language and has a push-button that starts the interactive tool for
defining crude polygon contours of the cystic organ. We performed the MIROS method
obtaining user input every third slice (every 9mm). After segmentation of each kidney by
MIROS, the interactive tools were used to perform quality assurance and finalize the
segmentation.

Texture Features

Gray level (15t order)—First order texture features capture basic characteristics of the
intensities within an image. Global intensity features were computed for each MRI. In
addition, Gradient and Entropy local intensity features were computed at five different
window sizes (7, 15, 23, 31, and 41). In order to account for the anisotropic nature of the
voxel size, texture feature filters were calculated in a slice-by-slice fashion, for every slice
within the volume.

Gray level co-occurrence matrix (2"d order)—Gray level co-occurrence matrix
(GLCM) characterizes the second order statistics of the spatial distribution of gray levels in
an image #. For each image, four GLCM (corresponding to four directions) were calculated
at three different window sizes (7, 15, and 31), and 6 features (Contrast, Dissimilarity,
Homogeneity, Energy, Correlation, and Angular Second Moment) were derived from the
GLCMs. The GLCM based features were implemented in the Python programming
language.

Texture-filtered features—Texture-filtered versions of the images were created for each
patient. In the case of the 2"d order features, averaging over the four directions was
performed (making the derived textures direction invariant). Finally, for each of the kidney
ROIs, the mean, median, standard deviation, skewness, and the 25th and 75th percentiles
were calculated for the filtered textures. These values were then used as features to search
for notable textural differences between the two groups of patients. Calculation of all texture
features was performed in a matter of minutes for each patient scan.

Reproducibility—In order to determine the reproducibility of the image derived texture
features, 30 cases were reanalyzed by a second observer. Similarity metrics were calculated
between the segmentations derived by the two observers, as well as comparison of the
measured CSF values. Finally, the difference between the computed texture values was
characterized.
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Classification System

Feature selection—A robust feature selection method known as Stability Selection was
used to identify candidate features for developing the multiple linear regression model 48,
The feature selection algorithm is applied on different subsets of data with different subsets
of features. The process is repeated and the number of times a particular feature is selected
as important is evaluated. The most stable features get a score of 1 while weak features get a
score of 0.

Multiple linear regression—The multiple linear regression modelling approach was
implemented in Python with the sklearn toolkit which uses a least squares approach
(function ‘sklearn.linear_model.LinearRegression”). The approach minimizes the sum of the
squared residuals in order to adjust the variable weights to best fit the data.5/10/2017

Statistical Analysis

Analysis based on Wilcoxon rank sum tests were performed to calculate statistical
significance of each imaging biomarker, as well as the area-under-ROCs (A,), and the
sensitivity and specificity of the features was also computed. Bootstrap resampling was used
to estimate confidence intervals for A, Regression analysis was performed to characterize
the relationship between individual biomarkers and the percent change in eGFR.
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Figure 1.
Examples highlighting phenotypic differences of 6 different ADPKD patients from this

study. Shown in each panel is the age and sex of the patient in the upper left, the genetic
mutation in the upper right, and the HtTKV measurement in the bottom left. Although
visually many differences are apparent, no quantifiable image-based morphological
parameters have yet been utilized beyond TKV and cystic burden of the kidneys to
characterize ADPKD phenotypes.
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Figure 2.
Texture feature analysis is an image processing technique that can inform on phenotypic

differences of the kidneys. Shown in the left panel is a T2-weighted MRI of the left kidney
of one of the patients in this study. If we consider two different cystic regions (zoomed-in
panels), the information (in terms of image intensity) is similar. However, in the two
example texture images of Entropy (middle panel) and Energy (right panel), information
regarding size and position is ingrained in the image. Notice how the two cyst regions look
very different in the texture images, and thus quantifiable values can be extracted which
convey tissue structural information such as cyst size and number. Other structural tissue
changes (e.g., fibrotic tissue or cyst classification) could likely be conveyed within the
texture images.
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Gradient

Dissimilarity Homogeneity

Correlation

Figure 3.
Examples of the nine derived imaging texture features for a single patient. From top left, by

row then column; T2-weighted MR image from which gray scale values are extracted and
texture analysis is performed, 15t order Entropy, 1%t order Gradient, 2" order GLCM
Contrast, 2"d order GLCM Dissimilarity, 24 order Homogeneity, 24 order GLCM Energy,
2"d order GLCM Correlation, and 2" order GLCM angular second moment (ASM). Entropy
- Measures the degree of disorder within the kidney. Kidneys with seemingly random cyst
distributions will have a higher Entropy measurement. Note how large cystic regions appear
dark, whereas in regions of many small cysts a high Entropy value is calculated. Gradient —
is a measure of gray scale changes. Kidneys with many small cysts will have more
detectable edges and larger local changes in gray scale. Contrast - Measures the local
variations in the gray-level cooccurrence matrix. Low values mean that the gray levels are
similar throughout the kidneys. Dissimilarity — Measures differences in GLCM elements,
which relates to a measure of renal tissue heterogeneity. Homogeneity — Measures the
closeness of the distribution of elements in the GLCM to the GLCM diagonal. Note how
both large cystic regions as well as regions with no cystic burden appear bright. Energy —
Provides the sum of squared elements in the GLCM and is a measure of tissue uniformity. It
is closely related to the inverse of Entropy. Correlation - Measures gray scale value

Kidney Int. Author manuscript; available in PMC 2018 November 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Kline et al.

dependence of kidney voxels (the joint probability occurrence of specified pixel pairs).
Angular Second Moment (ASM) — Is also a measure of tissue homogeneity.
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Figure 4.
Individual biomarkers show strong predictive power for progression to CKD stage 3A, CKD

stage 3B, and 30% change in eGFR in 8-year follow-up exams. Shown in the top left panel
are the ROC curves for prediction to progression of CKD stage 3A, in the top right are the
ROC curves for prediction of progression to CKD stage 3B, and in the bottom left are the
ROC curves for prediction of a 30% or more decrease in eGFR. The individual biomarkers
include age, eGFR, HtTKYV, Entropy, Correlation, and Energy. In the bottom right is the
correlation matrix showing how the individual features relate to one another. These
biomarkers were included in a multiple linear regression model in order to ascertain the
added value over traditional image derived modeling. The traditional model (‘Traditional’)
used age, eGFR, and HtTKYV, while the texture model (‘+ Texture’) also included Entropy,
Correlation, and Energy. Compared with the traditional model, the addition of texture
improved the predictive power to CKD stage 3A from an A, of 0.86 to an A,of 0.94, to
CKD stage 3B from an A, of 0.90 to an A of 0.96, and for a 30% or more change in eGFR
from an A,of 0.75 to an A, of 0.85. Coloring in ROC curves corresponds to colors in
Figures 5 and 6, and dashed biomarkers are ‘Traditional’, whereas solid lines are texture
based.
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Figure 5.
Shown here are the regression analyses results, comparing baseline traditional biomarkers

(age, baseline eGFR, and HtTKV) to percent change in eGFR at 8 year follow up. Age (top
left) and baseline eGFR (top right) have very low correlation, whereas HtTKV (bottom left)
has a fairly high correlation, with subsequent percent change in eGFR. A multiple linear
regression model incorporating these biomarkers obtained a Pearson's r = -0.51 (bottom right
panel). Coloring corresponds to those used for each feature in Figure 4.
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Pearson’s r = -0.43; P = 9.2e-07

03 04 05 06 07 08
Correlation

Pearson’s r=-0.7; P = 4.9e-19

Age + eGFR + HtTKV + texture

Individual texture biomarkers showed strong correlation with subsequent percent change in
eGFR. Shown here are the regression analyses results, comparing texture biomarkers
(Entropy, Correlation, and Energy) to percent change in eGFR at 8 year follow up. Shown in
the bottom right panel is the multiple linear regression model incorporating traditional
biomarkers and texture features. This multiple linear regression model incorporating image
texture features helped further refine prediction of subsequent renal function decline
improving Pearson's r from -0.51 (traditional biomarkers alone, bottom right panel of Figure
5) to -0.70 (addition of image texture features). Coloring corresponds to those used for each

feature in Figure 4.
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Table 2

Statistics comparing the traditional prediction model (Age, eGFR, HtTKV) with the texture model. Pearson's r
is defined as the square root of the adjusted r-square for the prediction models. SE is the standard error, and
Sres is the residual standard deviation. Also shown are the standard errors and confidence intervals for the
regression coefficients (slope and bias). The multiple linear regression models have a slope of -1, and bias of
0.

Statistic Traditional Model | +Texture Model

Pearson's r -0.51 -0.70
SE 3.9 2.6
Sres 21.6 17.9
Slope SE 0.155 0.094
Slope CI [-1.307 -0.693] | [-1.186-0.814]
Bias SE 3.95 2.64
Bias CI [-7.817.81] [-5.22 5.22]
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